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Abstract 
Warmer air has the potential to hold more water vapour and, therefore, to provide more water 
to rainfall events. Studying the relationship between rainfall and temperature represents an 
emerging issue in hydrology and meteorology, since it can be considered fundamental for 
evaluating the effects of global warming on future precipitation. Various approaches have been 
tested across different parts of the world, in many cases observing an intensification of extreme 
precipitation at higher temperatures consistent with the well-known thermodynamic Clausius-
Clapeyron relation (CC-scaling rate of 6-7%°C-1).  However, at different locations for hourly 
time-scales, the temperature-extreme rainfall scaling can be higher (super-CC) or lower (sub-
CC).  
This study contributes to the understanding of the scaling relationship between extreme 
rainfall and temperature under climate conditions characteristic of Mediterranean semi-arid 
regions, rarely explored in the past. The role of different factors, such as rainfall characteristics 
and climatic seasonality, modelling framework and rainfall accumulation period are investigated 
through an application to Sicily (Italy). In particular, the suitability of different types of 
regression models used to interpret the relationship between hourly and sub-hourly extreme 
rainfall and surface temperature is explored.  
We find overall a sub-CC scaling for most of the island of Sicily. However, the rainfall-
temperature scaling relationship is not constant over the temperature range and may be 
dependent on the season. The different results obtained highlight the importance of modeling 
choices for analyses in regions characterized by semi-arid climates. More specifically, we 
observe increasing scaling rates for decreasing rainfall accumulation periods, and significant 
sensitivity of scaling rates to the selected extreme rainfall quantile. Our novel use of piecewise 
and locally-weighted scatter plot smoothing regression-based approaches allow the accurate 
characterization of the temperature dependence of extreme rainfall in Sicily. This identifies a 
peak-like structure for the drier season, not detected by the simple application of the commonly-
used exponential regression based approach. 
Keywords: Clausius-Clapeyron; extreme rainfall; water vapour; global warming; piecewise 
regression; LOESS Regression 
1 Introduction 
One of the most important implications of a warming climate in many parts of the world is an 
intensification of the global water cycle (Huntington, 2006) and, consequently of extreme rainfall 
(Held and Soden, 2006). More frequent and/or more severe short-duration extreme rainfall 
events can lead to numerous hazards, from flash flooding to landslides, with growing risks for 
human life and damage to buildings and infrastructure (Easterling et al., 2000; Pumo et al., 
2016b and 2017a; Forestieri et al., 2018a; Arnone et al., 2018). 
Atmospheric temperature strongly influences extreme rainfall intensity, due to the increased 
atmospheric moisture-holding capacity of warmer air that implies more water availability for 
rainfall processes under warmer temperatures. The intensity of extreme rainfall events is, in fact, 
closely related to the amount of vapour held in the atmosphere and the physical conditions of the 
air. The theoretical basis of the relationship linking air temperature and atmospheric humidity is 
provided by the Clausius-Clapeyron relation (CC), which states that if relative humidity remains 
constant, then atmospheric moisture will increase at a rate following the saturation vapour 
pressure dependency on temperature (i.e., 6-7 %°C-1) (Allen and Ingram, 2002; Trenberth et al., 
2003; Pall et al., 2007; Allan et al., 2010). Since during extreme events, all water vapour in the 
air (or a relevant and constant fraction of it) is converted into rain, then precipitation for extreme 
events is expected to scale with the same CC rate. However, changes in different characteristics 
of the atmosphere (e.g. in the dynamics of the atmosphere, or in the moist adiabatic temperature 
profile) could cause significant deviations from CC-scaling. 
Many studies in recent years have focused on the investigation of this scaling relationship in 
observations, analyzing how extreme rainfall intensity, often identified by high quantiles of 
rainfall maxima for fixed durations, varies with temperature. In some applications, where data 
were available, combined temperature-humidity measures, such as the dew point temperature, 
have been used as alternative measures to study the combined effect of air temperature and 
moisture availability (e.g., Lenderink and van Meijgaard, 2008; Lenderink et al, 2011; Lepore et 
al., 2015; Ali et al., 2018). An important review on this topic is provided in Westra et al. (2014).  
Various observational studies in different parts of the world have exhibited scaling rates that are 
either higher (super-CC) or lower (sub-CC) than CC scaling (e.g. Lenderink and van Meijgaard, 
2008; Hardwick Jones et al., 2010; Berg et al., 2013, Blenkinsop et al., 2015). The main 
characteristics of the adopted modelling frameworks and principal results of some key literature 
on this topic that are most relevant to this paper are summarized in Table 1. 
Lenderink and van Meijgaard (2008) tried to explain the relationship between extreme 
percentiles of hourly rainfall with surface temperature in the Netherlands, showing that the 99th 
and higher percentiles increased with temperature at approximately the CC rate for temperatures 
up to 12°C and at 2xCC rate for temperatures up to 22°C. A similar methodology was 
subsequently used to analyse the scaling rate in various regions across the world, from Europe 
(Lenderink and van Meijgaard, 2010; Berg and Haerter, 2013; Berg et al., 2013; Loriaux et al., 
2013; Ban et al., 2014; Molnar et al., 2015; Lenderink et al., 2017) to Australia (Hardwick Jones 
et al., 2010; Wasko and Sharma, 2015, 2017), North America (Shaw et al., 2011; Mishra et al., 
2012; Prein et al., 2017) and Asia (Lenderink et al, 2011; Utsumi, et al., 2011; Yu and Li, 2012; 
Miao et al., 2016; Ali and Mishra, 2017). 
Some previous studies have focused on the role of modelling choices; highlighting, for 
example, that the relationship between mean daily temperature and the log of the 99th percentile 
of maximum hourly precipitation cannot always be fully interpreted by a linear regression model. 
In Blenkinsop et al. (2015), for instance, the LOESS (LOcally-wEighted Scatter-plot Smoothing) 
approach (Cleveland, 1979) was used to describe the scaling behaviour. The scaling rate is also 
expected to vary with the selected percentile and with the temporal resolution of the data. In 
particular, scaling has been found to be approximately constant for sub-hourly to hourly 
durations, then reduce at longer durations (Dobrinski et al., 2018), and increase for higher 
percentiles (Hardwick Jones et al., 2010).  
Seasonality also has an important role in defining the scaling relationship for precipitation 
(Berg et al., 2009); seasonal variability in the temperature dependence of extreme precipitation 
intensities has been observed, for instance, in the south-eastern Alpine foreland region of Austria 
by Schroeer and Kirchengast (2018), where a general increase in winter and a decrease in 
summer have been found. At higher mean temperatures (>~24°C), negative scaling relationships 
have been also observed (e.g. Haerter et al., 2010; Hardwick Jones et al., 2010, Shaw et al., 
2011, Mishra et al., 2012; Panthou et al., 2014) mainly in tropical regions (Allan et al., 2010; 
Guerreiro et al., 2018). On a basic level, this might imply a decrease in extreme rainfall 
intensities as temperature increases; however, this might also be a result of lower humidity at 
higher temperatures (Barbero et al. 2018; Lenderink et al., 2018). Wet regions have been widely 
examined, but there are still very few applications in arid or semi-arid areas, most of which adopt 
global spatial scales and show scaling lower than CC (O'Gorman and Muller, 2010), consistent 
with evidence from previous studies (e.g. Pall et al., 2007; Wentz et al., 2007).  A recent study 
by Peleg et al. (2018) however, explicitly designed for a semi-arid environment, studied the 
rainfall-temperature relationship at storm and convective rain cell scales, finding that, in arid and 
semi-arid eastern Mediterranean regions (Israel), peak intensity for areal convective events tends 
to increase with temperature (at a rate lower than CC).  In contrast, for areal non-convective 
events, rainfall and storm-wide area tend to decrease with increasing temperature. 
This study aims to explore the potential for intensification of sub-daily extreme rainfall events 
with increasing temperatures in Sicily, a semi-arid region of southern Italy. The urgent need to 
gain understanding of potential rainfall intensification for southern Italian regions is also 
associated with the vulnerability of these areas to flash flooding and landslides triggered by 
rainfall due to soil structure and land use.  According to the last Annual Report (CNR-IRPI, 
2018) on the risk of landslides and floods for the Italian population, published on Polaris website 
of the Research Institute for Geo-Hydrogeological Protection of the National Research Council 
(IRPI-CNR), the number of victims of events related to the occurrence of heavy rainfall during 
the last decade in Sicily is 69, with 13 in 2018 alone. 
The adopted approach has been specifically tailored for Mediterranean semi-arid regions, 
where some peculiarities, such as the marked climate seasonality and the different prevalence of 
convective or large-scale stratiform rainfall events during the wet and dry seasons, suggest the 
need for some modifications to commonly used modelling approaches (Molnar et al., 2015). 
Thus, an important element of novelty is that particular emphasis is given here to the analysis of 
the sensitivity of the scaling rate to different factors.  Those considered here are the spatial scale 
of analysis (single gauge/point scale and pooled gauges/regional scale analysis), the period over 
which rainfall maximum depth (peak intensity) is analysed, the type of regression models 
applied, and the seasonality of the regional climate. 
Rainfall extremes over different accumulation periods are first derived from high time-
resolution rainfall datasets recorded at about one hundred rain gauges. Data are then grouped in 
seasonal subsamples (Annual Period Season, Wet Season and Dry Season) and studied separately 
for each gauge (single gauge analysis) or in a regionally pooled manner (pooled gauges 
analysis). Different regression model types (exponential regression, piecewise regression, 
LOESS regression) are tested, computing and analysing the scaling rates at single gauges or as 
pooled gauges. While the adoption of the exponential and LOESS regression models for 
investigating scaling of extreme precipitation with temperature is rather common in literature 
(e.g. Hardwick Jones et al., 2010; Blenkinsop et al., 2015), the use of piecewise regression 
represents a novelty in this field of research, although it is rather established in other fields (e.g. 
Toms and Lesperance, 2003; Ben Yahia et al., 2016).     
Section 2 of the manuscript describes the modelling approach together with the study area and 
the dataset used. Results, described in Section 3 and discussed in Section 4, could partially 
address the lack of analyses in semi-arid regions. Furthermore, the modelling framework can be 
easily transferred for future applications in similar climatic regions. 
2 Data and methods 
2.1 Study area and dataset 
The study area is the island of Sicily (southern Italy) which, with an area of ~25,700 km2, is 
the largest island of the Mediterranean Sea. The climate is warm temperate (Csa - Hot-summer 
Mediterranean climate group in the Köppen-Geiger climate classification), with hot and dry 
summers and higher and more frequent precipitation during the colder winter months. The region 
has been extensively studied in the past with regard to rainfall and temperature and the main 
implications of climate changes on the most relevant hydrological components (e.g., Pumo et al., 
2016a and 2017b, Viola et al., 2016, Arnone et al., 2018). Extreme events analysis in Sicily has 
confirmed an increasing trend for short duration rainfall over the second half of the last century 
(Arnone et al., 2013).  
Spatial variability in elevation across the island (Figure 1a) produces significant variation in 
precipitation and temperature; Figure 1b and 1c show the regional maps of mean annual 
precipitation and temperature respectively, derived in Pumo et al. (2017b) and Di Piazza et al., 
(2015), respectively, from almost a century of observations collected by the OA-ARRA 
(Osservatorio delle Acque - Agenzia Regionale per i Rifiuti e le Acque) regional agency. The 
southern coast of Sicily is characterized by hotter and drier summers than northern and eastern 
coasts, due to the greater influence of African winds, while the mountainous internal areas are 
characterized by a considerably cooler climate with very frequent rainfall during the winter 
months. Thus, this region provides a good representation of different arid and semi-arid 
environments.  
For this study, a dataset from the regional agency SIAS (Servizio Informativo 
Agrometeorologico Siciliano; i.e. Agro-meteorological Information Service of Sicily) has been 
used because of its high temporal resolution, quality and availability of more up-to-date data. 
Specifically, data from 2003 to 2015 collected at 107 temperature and rain gauge stations spread 
across the island (black points in Figure 1a) have been initially considered at a temporal 
resolution of hourly for temperature (for a total sample size of 12,192,864 data) and 10 minutes 
for rainfall (for a total sample size of 73,157,184 data). 
From the analysis of the dataset, a strong seasonality in the climatology can be observed: at 
the regional level, the mean annual temperature for the entire reference period was 16.4 °C and 
the mean precipitation was 761 mm occurring, on average, through almost 116 rainy days per 
year. About 75% of annual rainfall was, on average, concentrated over ~83 rainy days between 
the beginning of October and the end of March, a period characterized by a mean temperature of 
11.8°C and frequent occurrence of large-scale stratiform precipitation (Gabriele and 
Chiaravalloti, 2013). Rainfall during the hotter (mean temperature = 20.9°C) remaining part of 
the year was conversely relatively scarce (on average 189 mm over ~33 rainy days per year), 
with a probable prevalence of short-duration convective events, especially along the coast, due to 
the combination of weak moisture transport and high local evaporation that favours a higher 
potential for convective activity (Bisselink and Dolman, 2008). 
2.2 Modelling framework 
The adopted modelling framework, represented schematically in Figure 2, uses as its 
component parts some commonly adopted approaches in the literature, especially those in 
Hardwick Jones et al. (2010) and Blenkinsop et al. (2015). 
Data for each station have been firstly pre-processed in order to identify missing values and 
remove incoherent records. With regard to the latter, some rainfall measurements with clearly 
incorrect, i.e. inconsistently high (order of magnitude higher than typical extreme values), 
records preceded and followed by null values, have been detected and removed. Following an 
approach analogous to that used in Blenkinsop et al. (2015; 2017), years with more than 15% of 
missing/incoherent records have been excluded and stations having less than 10 complete years 
of simultaneous temperature-precipitation records have been discarded. This represents a 
compromise between data completeness and the extensiveness of the dataset. The 10-minute 
rainfall time series was then aggregated to 30- and 60-minute rainfall time series for each gauge. 
The pre-processing procedure ultimately led to the exclusion of 14 stations and a resulting 
dataset consisting of 93 stations. 
The second step of the data processing procedure was to generate the working dataset for the 
modelling application. All rainy days (i.e. days with non-zero rainfall) for each gauge were first 
identified, computing for each, the maximum 10-, 30- and 60 minute rainfall accumulations 
(hereafter referred to as P10, P30 and P60, respectively) and associating the mean temperature of 
the corresponding day. Following several other previous studies (e.g. Lenderink and van 
Meijgaard, 2008; Hardwick Jones et al., 2010; Blenkinsop et al., 2015), daily mean temperature 
was here adopted as a proxy of the temperature of the air mass, instead of finer resolution data 
(e.g. hourly or sub-hourly temperature) which could be largely influenced by boundary-layer 
processes and local radiative heating. 
Samples for each accumulation period were further subdivided into three seasonal sub-
samples: 1) Annual Period (data from the entire year, from January to December); 2) Wet Season 
(data from October to March); 3) Dry Season (data from April to September). Thus, a total of 
837 sub-samples (93 gauge datasets x 3 accumulation periods x 3 seasonal sub-samples) were 
generated. 
The modeling approach has been divided into ‘single gauge’ and ‘pooled gauges’ analyses. In 
the former case, the individual sub-samples are processed separately, while, in the latter case, the 
sub-samples from the different gauges are pooled together and studied as a unique regional 
sample for a given combination of accumulation period and season.  For the pooled gauges 
analysis, Sicily is here treated as a single homogeneous zone. An alternative regionalised option, 
i.e. grouping the gauges according to the 6 statistically homogeneous regions identified through 
cluster analysis for the derivation of regional growth curves for extreme rainfall (Forestieri et al., 
2018b), was also initially considered but discarded due to the relative similarity of the results 
across the regions. 
The relationship between extreme rainfall and surface temperature was here evaluated by 
comparing three different regression model types: Exponential Regression (ER), Two-Segment 
Piecewise Regression (PR) and LOESS Regression (LR).   
For all the three methods, the analysis was performed by binning precipitation data into a 
fixed number of temperature bins. Usually this method uses either “equal width” (e.g., Lenderink 
and van Meijgaard, 2008; Lenderink et al, 2011) or “equal number”, i.e. equal number of data 
points per bin (e.g. Hardwick Jones et al., 2010; Blenkinsop et al., 2015), temperature bins. Some 
potential limitations related to the consideration of bins with limited sample size, may occur in the 
presence of scarce data availability, particularly when the equal bin width approach is used. In 
Wasko and Sharma (2014), the adoption of an equal number of samples in each bin (i.e. variable 
bin widths) showed a greater robustness, in terms of variability in the scaling rates estimated for 
different sample sizes, than for the case of equal width bins.  Performances were similar to those 
for an alternative approach based on quantile regression, explicitly designed to address problems 
associated with the binning procedure in cases with limited sample size. For this reason, we here 
adopted the equal number binning approach. More specifically, paired rainfall maxima-
temperature events were first binned into temperature bins of equal sample size and for each bin 
a fixed percentile for the rainfall maxima and the median temperature were extracted.  For both 
the single gauge and pooled gauges analyses, an approach similar to that used in Blenkinsop et 
al. (2015) has been adopted, fixing the number of bins at 10 and considering the 99th-percentile 
(q99) to identify extreme events from rainfall maxima of each bin. 
For ER (linear regression using the log of precipitation), the regression analysis is performed 
on these pairs to determine a fitting curve using the least-squares method, and to estimate the 
corresponding scaling rate (). The PR analysis explores the possibility of a change in the 
scaling relationship at a certain temperature break-point. The analysis is performed using an 
automatic code, implemented in Matlab (MathWorks), dividing the independent variable (i.e. 
temperature) domain into two intervals and fitting a segmented linear regression model 
constituted by two segments (one for each interval) separated by a break-point. Given the set of 
rainfall-temperature pairs across the bins, the code, through the separate application of the least-
squares method to the two segments, is capable of: (i) detecting the break-point and finding the 
coefficients of the two regression lines that minimize the sum of squared residuals; (ii) deriving 
the two corresponding scaling rates: 1, for the lowest temperature sub-domain, and 2, for the 
highest temperature sub-domain. If the break-point is located at an extreme position in the 
temperature domain and the number of couples used to fit the shorter segment is lower than 4, 
the regression is considered not sufficiently reliable and the corresponding scaling rate is 
discarded from the analysis, whereas the scaling rate relative to the longer segment is retained. 
The regional pooling approach means that for each of the 9 analysed accumulation period-
season combinations much larger sample sizes are obtained, allowing an increase in the number 
of bins while maintaining an adequate sample size for each bin. The paired values of temperature 
and extreme precipitation may then be evaluated by means of scatter density plots and the 
subsequent characterization of the scaling relationship based on LOESS regression.  
Furthermore, the ER and Two-Segment PR pooled analyses were performed with double the 
number of bins (i.e. 20), and selecting, in each case (i.e., 10 and 20 bins) the bin median 
temperatures and the corresponding estimates of q99. 
 A further analysis has been carried out to investigate the sensitivity of the scaling rates 
derived from ER to: (i) varying the quantiles whilst the number of bins is held constant; and (ii) 
varying the number of bins for a fixed quantile. For the sake of simplicity, only the results 
obtained at the level of the single gauge analysis for P10 considering: i) the quantiles q50, q60, 
q75, q90 and q99 with 10 bins; and, ii) the number of bins ranging from 8 to 12 with the quantile 
q99, will be discussed here. The results relative to the rainfall accumulation periods of 30 and 60 
minutes, and those relative to an analogue analysis performed through the pooled gauge 
approach are also reported in the Supplementary Material (Figures S1, S2 and S3).  
With regards to the ER and PR methods, we considered only regression models with a 
coefficient of determination (R2) higher than a derived threshold value as adequate to represent 
the scaling relationships; thus, scaling rates of models having R2 lower than the threshold are 
discarded. In particular, in the cases of linear regression, R2 is also equal to the square of the 
Pearson correlation coefficient between the bin median temperatures and the rainfall quantiles 
and also measures the strength of the linear relationship between the two variables. In order to 
determinate the appropriate threshold value for accepting or discarding a regression model, we 
refer to the Student’s t-test for the correlation coefficient with a significance level alpha of 0.05 
(2-tail alpha), i.e. confidence level equal to 95%.  Specifically, for the ER method, the threshold 
value was set equal to 0.55, ensuring that for all cases with R2 over this threshold and 
considering regressions with 8 or more bins, a t-score higher than the critical value and, thus, that 
the null hypothesis (i.e., no correlation) can be rejected. For the PR analysis, the threshold for R2 
varies depending on the number of pairs used to fit the segment.  In particular, it increases with 
decreasing sample size so as to ensure again that the null hypothesis of the t-test can be rejected 
at the 95% probability level (for instance, in the case of the minimum number of bins, i.e. 4 bins, 
the R2 value must be greater than 0.90 to be accepted).  
To study the spatial distribution of scaling rates across the study area and to examine the 
potential for clustered spatial patterns, a spatial autocorrelation analysis based on Moran’s Index, 
I (Moran, 1950), was also performed for the single gauge analysis with the ER. This analysis has 
been performed using the Spatial Autocorrelation - Global Moran’s I tool implemented in 
ArcGIS that evaluates whether the spatial pattern expressed is clustered, dispersed or random, 
and returns the following statistics: I, E(I), z-score and p-values (see Section S1 of the 
Supplementary Material for further details). 
3 Results 
3.1 Single Gauge Analysis 
3.1.1 The role of the quantile and number of bins in the exponential regression 
We first investigate the adequacy of the ER model for interpreting the relationship between 
extreme rainfall (q99) and median bin temperature (T), using 10 temperature bins. Figure 3 
shows that the number (reported both in percentages and absolute values) of stations where the 
adoption of ER models can be considered suitable (R2>0.55) is dependent on the season (Annual 
Period, Dry or Wet Season) and rainfall accumulation period (10-, 30-, 60 minutes) examined. 
Specifically, the number of gauges associated with a model having an acceptable R2 (i.e. 
percentage of considered stations) is higher for the Annual Period and the Wet Season, likely due 
larger sample sizes related to higher frequencies of rainy days in Sicily during autumn and winter 
months. The limited, or near non-, occurrence of rainy days during the summer implies a 
consistently reduced sample size for the Dry Season compared with the Annual Period (which 
provides, in some cases, up to 5 times larger sample size). This in turn could negatively affect the 
representativeness of rainfall maxima quantiles for temperature bins, reducing the strength of the 
hypothesis of a linear relationship (in a semi-log plot) between T and q99. Another possible 
explanation for the reduced percentage of suitable stations (about -60%) for the Dry Season 
could be related to the fact that the scaling rate for that season is not constant over the 
temperature domain, causing a diffuse inadequacy of ER models in interpreting the scaling 
relationship during the drier and hotter period in Sicily (investigated later).  
Figure 3 also shows that the number of considered stations increases with decreasing 
accumulation period; this might be indicative of an overall stronger relationship between extreme 
precipitation and temperature when shorter events are considered. 
The role of other aspects of the ER model analysis, such as the percentiles selected for the 
binning procedure or the number of temperature bins, has been also investigated, with some of 
the results visualized in Figure 4 (for each season and for the case of P10). 
Figure 4a shows the median scaling rate, , over all gauges resulting from the use of different 
quantiles (q50, q60, q75, q90 and q99) and again considering only models with R2>0.55. For all 
three seasons,  increases considerably with percentile. This trend is more marked at the 
seasonal scale (and in particular for the Wet Season) compared to the annual case. A similar 
behaviour is observed for all the analysed rainfall accumulation periods (Figure S1). 
The dependence of the scaling behaviour, in terms of median scaling rate , on the number of 
bins (from 8 to 12) is shown for only one accumulation period (P10) in Figure 4b, considering a 
fixed quantile (q99). This indicates that the median of  is much less sensitive to this parameter 
with respect to the quantile choice; in particular, for the Annual Period and the Dry Season,  
slightly decreases when the considered number of bins increases, while the opposite behaviour is 
found for the Wet Season. Additionally, rates for the Annual Period and the Wet Season for both 
P60 and P30 are essentially insensitive to the considered number of bins, while the scaling rate for 
the Dry Season slightly increases with the number of bins (Figure S2). It is worth emphasizing 
that, in some cases, the dependence of the scaling rate on the number of bins could be strongly 
influenced by the total sample size. In fact, the consideration of a large number of bins with 
respect to a limited sample size may imply an excessive reduction in the number of points per 
bin, which, in turn, could negatively affect the analysis (Wasko and Sharma, 2014). This is a 
common issue for many studies considering dry seasons characterized by low rainfall 
occurrence. 
3.1.2 The scaling rate using the Exponential Regression model 
The ER analysis applied at the gauge level, considering q99 across 10 bins as in Blenkinsop et 
al. (2015), allows the computation of a scaling rate () for each gauge. Figure 5 shows three 
illustrative examples of exponential regression. In particular, Figure 5a refers to the Annual 
Period sample of P30 recorded at station ID 750 where, a typical sub-CC behaviour ( = 3.70 
%°C-1) is found. Figures 5b and 5c display cases of the minimum rate for the Wet Season sample 
of P10 (ID 716,  =2.56 %°C-1) and the maximum rate for the Dry Season sample of P60 (ID 727, 
 =7.98 %°C-1), respectively. 
Figure 6 depicts the empirical cumulative distribution functions (ecdfs) of the scaling rates for 
all gauge datasets. These are derived from a total of 581 scaling rates with R2>0.55, for all 9 
possible combinations of accumulation period and season. A high variability in the scaling across 
Sicily and a strong influence of climate seasonality on the scaling rate clearly emerge from the 
analysis of the three plots. The value of  is always positive and ranges between 1.73 (P60, 
Annual Period) and 7.98 %°C-1 (P60, Dry Period), although considering the entire set of 
accumulation period-season combinations, over 90% of  show sub-CC rates (<6 %°C-1), while 
only 0.2% were above 7 %°C-1. 
For all the accumulation periods taken into account,  rates for the Wet and Dry Season are, 
on average, higher than those for the Annual Period. This is related to much higher temperature 
variability in the Annual Period that implies a smoothing of the scaling rate, and highlights the 
importance of performing seasonal analyses for regions characterized by a relevant seasonal 
variability in temperature (as also in Zhang et al. 2017). An important feature for many 
Mediterranean regions, including Sicily, is also the different types of rainfall events that 
characterize different seasons; in particular, during the warmer season (especially during 
summer) there is a prevalence of convective rainfall, which is more sensitive to temperature 
variations with respect to the large-scale stratiform precipitation that usually characterizes the 
colder months (Soriano and De Pablo, 2003; Molnar et al., 2015). This could partially explain 
the higher  values found for the Dry Season for shorter accumulation periods. 
The scaling rate is also sensitive to the rainfall accumulation period. In particular, it 
significantly increases with shorter accumulation periods for the Annual Period and Wet Season; 
i.e. see the right-shifting of the relative ecdfs moving from P60 (Figure 6a) to P10 (Figure 6c). 
However, the scaling for the Dry Season is almost insensitive to rainfall accumulation period, 
hence the corresponding ecdfs lie in almost the same position in the three plots of Figure 6.  
Thus, the median value of  increases from 3.7 %°C-1 for P60 to 4.3 %°C-1 for P10 for the Annual 
Period, from 4.6 to 5.2 %°C-1 for the Wet Season, while for the Dry Season, it slightly decreases 
(from 4.8 to 4.5 %°C-1). For all cases, the interquartile range slightly reduces from P60 to P10.  
Next, the uncertainty in the scaling rate related to the data samples and the adopted regression 
model is evaluated. Uncertainty related to the data sample was studied through a bootstrapping 
procedure (Efron and Tibshirani, 1993), computing the 2.5th-97.5th quantile uncertainty range 
from 1,000 bootstraps with replacement from each gauge. More specifically, following an 
approach similar to that used in Peleg et al. (2018), for each gauge we first generated the 
bootstraps of paired precipitation-temperature data, and then analyzed each bootstrap according 
to the following steps: 1) apply the binning procedure; 2) compute the precipitation quantile q99 
and the median temperature for each of the 10 bins; 3) fit a linear regression model on the 10 
pairs; 4) compute the associated scaling rate. This procedure produced 1,000 scaling rates (i.e., 
one for each bootstrap) for each gauge from which the 95% confidence bands were derived. 
In order to quantify the uncertainty in the estimated scaling rates related to the regression 
method, we adopted a standard and consolidated methodology for linear regression models based 
on the computation of the 95% confidence intervals for the regression slope parameter.  
The scaling rates obtained at each gauge for the 9 possible combinations of accumulation 
period and season are ranked in ascending order and reported in Figure 7 (black markers) 
together with the associated bootstrapped 95% confidence bands (shaded areas) and the 
confidence limits for the regression slope parameter (dashed red lines). Our results show how the 
uncertainty associated with the data sample is, in general, comparable with that associated with 
the linear regression model, even if, when the sample size is smaller, the former tends to be 
slightly larger. This behaviour can be noticed, for example, for the cases of the Dry Season (right 
panels in Figure 7), especially for the P60 case, and it may be due to the fact that a limited sample 
size of the original sample gauge could affect the estimation of the high precipitation quantiles 
(i.e., q99).  
Figure 7 also indicates that the confidence intervals related to the application of the linear 
regression model at the seasonal level (for both the Wet and the Dry Season) are, on average, 
slightly wider than those for the Annual Period and increase with the scaling rate. Slightly higher 
uncertainty (i.e. wider confidence intervals) can also be associated with the estimate of the 
scaling rates for the shorter rainfall accumulation periods (i.e. P10). 
3.1.3 Spatial autocorrelation analysis 
As previously mentioned, the spatial distribution of the scaling rates obtained through the 
exponential regression across the study area has been also studied, computing the Moran’s Index 
(I) for each of the nine possible scenarios resulting from the combination of the considered 
accumulation periods and seasons.  
The results of the analysis on the nine scenarios are synthesized in Table 2. It is important to 
point out that the number of gauges with acceptable rates is different for the different 
accumulation period-season combinations and, in particular, this number is significantly reduced 
for the Dry Season compared to the other seasons (see Figure 3). All the statistics suggest the 
existence of slightly clustered spatial autocorrelation for the Annual Period for P10, Wet Season 
for P60 and P10, and Dry Season for P60 and P30. Maps depicted in Figure 8, which each report 
one clustered case for three different accumulation period-season combinations, highlight a 
spatial pattern with a sub-CC rate in the drier southern coast of Sicily and CC-rates concentrated 
in the mountainous internal areas (especially in northern Sicily). 
3.1.4 Two-Segment Piecewise Regression analysis 
As for the previous single gauge analyses, the assessment of the Two-Segment Piecewise 
Regression (PR) uses a combination of 10 bins and q99. The method is able to investigate the 
possible occurrence of a discontinuity in the scaling rates at a certain break-point temperature, 
after which the scaling direction may even reverse. 
The results, synthesized in Figure 9, show the presence of statistically significant (i.e., 
satisfying the criteria mentioned at Sect. 2.2) break-points in about the 23% of the cases for the 
Annual Period and about the 15% for both the Wet Season and the Dry Season. Most of the cases 
are significant only for the left segment (lower temperature sub-domain); the associated scaling 
rates (1) are reported as box-plots in Figure 9a for different rainfall accumulation periods and 
seasons. For both the Annual Period and the Dry Season, there is a net prevalence of sub-CC 
rates, with median 1 consistent with the values found by the ER based approach and ranging 
from 5.5 to 6.5 %°C-1. For the Wet Season the scaling rates are slightly higher and are 
characterized by wider interquartile ranges and maximum spreads (maximum-minimum); the 
median of 1 is in the order of the CC-rate for P60 and P30, while it is 9.4 %°C-1 for P10. The rates 
generally increase with decreasing rainfall accumulation periods, except for the case of P10 for 
the Dry Season, whose calculated scaling rates are, on average, lower than those computed for 
P30 and P60. 
In only a small number of cases (i.e., 9 in total), significant regression models were found at 
the right of the break-points, i.e. for the highest temperature sub-domains; the associated scaling 
rates (2) for such cases are reported as black circles in the same Figure 9a and are within the 
maximum spread found for the left segment rates. Only in the case of P30 and Wet Season for 
gauge ID 726, are both segments statistically significant. For this case, both segments were fitted 
on 5 bins, 1=6.08 %°C-1 (R2=0.99) and 2=6.45 %°C-1 (R2=0.98), while the value of  found 
with ER was 6.27 %°C-1 (R2=0.93).   
The analysis has demonstrated that the scaling relationship is not always constant with 
temperature. In contrast with the ER based approach, this method highlights the occurrence of 
super-CC rates in some cases and over limited temperature ranges, especially for the seasonal 
analyses. At the same time, for some cases, especially for shorter durations, the break-point 
represents a point of inflection over which a monotonic decrease in extreme rainfall with 
temperature can be observed, although none of the models with negative slope satisfied the 
adopted significance criteria (often because fitted on less than 4 bins). 
A further analysis has been performed on the identification of the break-point position; Figure 
9b shows the ecdfs of the values of break-point temperature obtained for all stations, relative to 
all 9 analyzed combinations of accumulation period and season. The analysis shows a wide range 
of temperature break-points across the stations. Nevertheless, disregarding the upper and the 
lower tails of the ecdfs, more than 50% of the temperature break-points are concentrated between 
13 and 19°C during the Annual Period, between 10 and 14°C during the Wet Seasons and 
between 17 and 22°C for the Dry Season (main statistics are reported in Table S1 of the 
Supplementary Material). 
3.2 Pooled Gauges Analysis  
3.2.1 Exponential and Piecewise Regression analysis 
Some of the results for the ER and PR approaches for the pooled analysis are synthesized in 
Figure 10, for 10 (Figure 10a) and 20 (Figure 10b) bins for P10 only given that, with this 
approach, the rainfall accumulation period had little influence on the final rates. Results for P60 
and P30 are however reported in Supplementary Material (Figure S4 and S5).  
The analysis confirms most of the results detected at the single gauge level. First of all, 
through ER, an overall sub-CC rate was found, regardless of the number of bins, season or 
rainfall accumulation period. Higher rates (of ~4-5%°C-1) were found for the Wet Season, 
whereas rates of ~3%°C-1 were obtained for the Dry Season. ER was not particularly sensitive to 
the number of bins, with almost equal rates found for both 10 and 20 bins. In both cases, slightly 
increasing rates were obtained for decreasing accumulation periods; the most notable case was 
that for the Wet Season, where  increases from 3.7 %°C-1 for P60 to 4.9 %°C-1 for P10. 
Figure 10 shows the adoption of a Two-Segment PR (see dashed lines and rates named as 1 
as2) instead of a simple ER (see solid lines and ) is not necessary for the Wet Season, where 
the scaling relationship is almost constant with temperature, with values of 2 not significantly 
different from 1 and . Conversely, from the PR analysis for the Dry Season, a peak-like 
structure, not captured using ER, clearly emerged. This implies the occurrence of a point of 
inflection at which the positive rate observed for lower temperatures (1 of the order of ~4%°C-1) 
is interrupted and followed by a rapid decrease for temperatures higher than ~22°C. It is worth 
emphasizing that for the case of 10 bins (Figure 10a) in the Dry Season, the regression for the 
right segment has been fitted considering only two points, and therefore should be neglected 
(dashed red line). Nevertheless, the presence of a break-point at that temperature and the 
successive negative trend is confirmed by the successive analysis with 20 bins for the same 
season. 
In the PR-based approach, the increase in the number of bins plays an important role both in 
the estimation of the rate and especially on the location of the break-point. This is particularly 
evident for the Annual Period. For instance, looking at the case of P10 when 10 bins are 
considered (left panel in Figure 10a), the effect of a point of inflection during the Dry Season is 
transferred into the scaling relationship analysis of the entire hydrological year (Annual Period) 
only as a slight reduction of the rate for the part of temperature domain associated to events that 
usually take place during the Dry Season; the point of inflection, in this case, is detected at a 
temperature lower than 15°C. When 20 bins are adopted, the PR analysis for the Annual Period 
(left plot in Figure 10b) identifies a break-point at a higher temperature (close to that relative to 
the Dry Season) maintaining a value of 1 similar to that obtained with 10 bins. The adopted PR-
code would provide also in this case a negative rate for 2, even if the low number of bins 
considered for the regression imposes model rejection for the right segment. 
3.2.2 LOcally-wEighted Scatter-plot Smoothing Regression analysis 
Conclusions similar to those obtained for the pooled analysis with ER and PR can be derived 
by applying LR, whose results are summarized in Figure 11. It is important to point out that, 
while for ER and PR the single gauge datasets of rainfall maxima and associated mean daily 
temperature pairs have been pooled (i.e., before the binning procedure application), for LR, the 
gauge-estimated pairs of precipitation percentiles (i.e., q99) and median bin temperature 
(considering 10 bins for gauge) have been pooled, generating a unique sample of 930 pairs for 
each combination of rainfall accumulation period and season. 
 The results for P60, P30 and P10 are visualized in Figures 11a, 11b and 11c, respectively, 
through a semi-log scatter density plot. Solid red lines indicate the LOESS-fitted relationship. 
The analysis confirms, on the one hand, an evident functional relationship between extreme 
rainfall events and surface temperature, and, on the other hand, the general trend towards sub-CC 
rates especially for longer durations (i.e., P60). 
Although the nonparametric LR does not make any assumptions of linearity, from Figure 11 
an almost linear scaling relationship clearly emerges for the Wet Season and for most of the 
temperature domain (up to ~22°C) for the Annual Period. For this season, consistent with the 
results from PR (see Figure 10b), a point of inflection can be detected at ~22°C, above which the 
extreme precipitation intensity tends to decrease with increasing temperatures. Observing the 
graph relative to the Wet Season for P10 (middle panel of Figure 11c), the rate approximates CC 
scaling for temperature lower than about 10°C, and tends to decrease for higher temperature.  
Except for the Dry Season, the slope of the regression curves increases with decreasing 
accumulation period moving from 60 to 10 minutes. 
From Figure 11 (right panels), the Dry Season displays a more complex behaviour with 
regard to the scaling relationship across the temperature domain. In this case, the scaling is not 
adequately summarized by a linear relationship; extreme precipitation intensity gradually 
increases (at a sub-CC rate) with temperature up to ~15-16°C, then the increase becomes more 
rapid (reaching the CC-rate) up to ~22°C, where, again, a point of inflection is detected, 
followed by a negative trend for higher temperatures. In this case, results are broadly consistent 
with those of the PR model.  
4 Discussion 
Outcomes from the analysis of the relationship between extreme rainfall and temperature over 
Sicily has confirmed much evidence from previous works in the scientific literature, as emerges 
also from the comparison outlined in Table 1. 
Although the adopted scaling methodology is well established in wetter areas, the results of 
our study demonstrate that in drier regions particular attention should be paid to some model 
assumptions, such as the rainfall accumulation period and the quantiles used to identify extreme 
precipitation. For Sicily, the scaling rate increases with decreasing accumulation period and, 
independent of the accumulation period, increases with increasing percentile. Both the results are 
in accordance with those of Hardwick Jones et al. (2010). The modelling framework at the level 
of single gauge analysis showed low sensitivity to variations in the number of bins. With the 
pooled gauges analysis it was demonstrated that the choice of the number of bins used in the 
binning procedure may be significant, especially adopting a Piecewise Regression-based 
approach for the entire year under a climate characterized by a marked seasonality in rainfall and 
temperature.  
Another general conclusion derives from the comparison of the results for the different types 
of regression model tested here. Investigating the scaling relationship with an approach based on 
ER clearly shows a net prevalence of sub-CC rates in Sicily for the single gauge analysis, with 
only a few sporadic cases with a rate slightly over 7%°C-1. The spatial analysis shows the 
occurrence, for some combinations of rainfall accumulation period-season, of a pattern 
characterized by clustered spatial autocorrelation, probably due to presence of areas where 
convective activity during determinate periods of the year are favoured by site specific 
conditions, originating, for instance, as precipitation recycling mechanisms.  
From the analysis of the Dry Season throughout the pooled sample, the potential of PR 
compared to the simple ER based approach clearly emerged. The adoption of the former 
regression model type, in fact, allowed the detection of a point of inflection, similar to that found 
elsewhere (e.g. Utsumi et al., 2011, Lenderink et al. 2011), whilst the ER based approach did not 
capture this change in scaling. 
The presence of a discontinuity in the slope, with an increase in rate for high temperature (i.e. 
break-point at ~10-15°C), observed at many gauges for the Wet Season (e.g., see Figure 9b) and 
for the low temperature range during the Dry Season (see right panels of Figure 11 for all 
accumulation periods) could be attributed to the existence of a transient period between the two 
seasons during which both convective and stratiform rainfall events occur. In fact, in Sicily, as in 
many Mediterranean and semi-arid climates, the thermodynamic conditions usually favour the 
generation of a prevalence of convective rain cells during the summer and non-convective 
stratiform rainfall events during winter months (Soriano and De Pable, 2003; Gabriele and 
Chiaravalloti, 2013); the temperature dependence of precipitation intensity could be seen as the 
superposition of the relative contribution of the two precipitation types (Berg and Hearter, 2013; 
Molnar et al., 2015). 
Another relevant aspect arising from our analysis, for both the Annual Period and Dry 
Season, is the occurrence of negative scaling at the highest temperatures, with a break-point at 
~22°C. This result, observed at the level of pooled gauges analysis through both the PR and LR 
based approaches, is coherent with the break-points found for the Dry Season at the level of 
single gauges for most of the cases (Figure 9b).  It is also extremely similar to that found in 
Australia by Hardwick Jones et al. (2010), who showed that above a temperature break-point 
(~20-26°C) the scaling rate changes sign, i.e. from positive to negative. The peak-like structure 
behaviour is also consistent with the results of Berg et al. (2009), who reported a decrease in 
extreme daily precipitation intensity with increasing temperature during the summer in Europe, 
especially for the Mediterranean European sub-region. The reason of such behaviour for the drier 
seasons of arid and semi-arid regions (such as the Dry Season in Sicily) is the core of a recent 
debate within the scientific community: Barbero et al., (2018) argue that negative apparent 
scaling could be a statistical artefact related to the “binning-based” method and due to a bin 
shifting mechanism, and suggest the use of the dew point temperature instead of temperature as a 
scaling variable. In Boessenkool et al. (2017), it is argued that one of the possible causes for the 
breakdown in the scaling relationship between high precipitation quantiles and temperature (the 
authors considered the dew point temperature and the q99.9 quantiles in their experiment) could 
simply originate from the under-sampling and, in particular, could be due to an underestimation 
of high quantiles in small samples. In combinations of small samples and high quantiles, the 
authors suggest the use of parametric quantiles instead of empirical quantiles, for example 
calculated from a generalized Pareto distribution fitted on a percentage of the sample defined 
with a peaks-over-threshold approach.   
According to other studies (e.g., Panthou et al., 2014; Westra et al., 2014; Bao et al., 2018; 
Lenderink et al, 2018) the main cause for the negative scaling could be addressed by the 
atmospheric moisture supply limitations for the highest temperatures. The relative humidity 
decreases at higher temperatures and then can became a limiting factor for the highest 
temperature range. During high-pressure systems, the temperature increase may not be 
accompanied by a humidity increase and, in such cases, the temperature could no longer be an 
adequate predictor of extreme rainfall intensity, while the use of the actual atmospheric moisture 
instead of temperature could be more effective. 
From the single gauge analysis, it is not actually possible to explain which of the two main 
possible causes can better explain the occurrence of the break-points that we have observed in 
some cases, especially for the Dry Season. In some cases, the Dry Season samples at the level of 
single gauges are characterized by a reduced number of rainfall events, and may suffer from the 
small-sample effects mentioned above. Nevertheless, the results of the pooled gauges analysis 
with PR, where data-sample limitation effects can be excluded due to the larger sample sizes 
(i.e., for the Dry Season the sample size is 38,747), suggest that the scaling relation breakdown 
(and even its reverse) may be due to potential physical effects related to precipitation. A further 
confirmation at the level of the pooled sample, is given by the fact that the same behaviour has 
been observed using a LR approach. 
5 Conclusion 
This paper expands work on the scaling relationship between air temperature and extreme 
rainfall, complementing previous data-based investigations with an analysis of 13 years of 10 
minute precipitation data provided from 93 rain gauges in Sicily. This study has particular 
relevance since this relationship, widely investigated in many regions worldwide, remains 
largely unexplored in arid and semi-arid regions.  
As an important novelty, in this work we adopted and compared different types of modelling 
approaches, e.g. the single/pooled gauge analyses and seasonal classifications, and we evaluated 
the models’ sensitivity to key parameters, such as rainfall accumulation period, percentile 
definition, number of bins for percentile estimation, and regression models. For this reason, 
outcomes from this work may provide a useful benchmark for other applications in similar 
climatic contexts. 
Some of the main conclusions of this work are:    
1. For the wet season, with a possible prevalence of stratiform rainfall events, and for all 
considered accumulation periods (10-, 30- and 60 minutes), the majority of the gauges show 
extreme precipitation increases with warming at rates slightly lower than the theoretical water 
vapour holding capacity of the air (CC-rate), while a more elaborate behaviour has been 
observed for the dry (hot) season, strengthening the results of the few analyses present in 
literature for semi-arid environments.  
2. The results have highlighted the importance of using appropriate modelling assumptions 
in the estimation of the scaling rate: (i) higher rates have been observed over shorter rainfall 
accumulation periods; (ii) the scaling rate is generally not influenced by the number of 
temperature bins, but could have an important role in locating the temperature break-point 
using a pooled gauges approach; (iii) a greater influence can be associated with the choice of 
the percentile in defining extreme events for each bin from maximum rainfall depths. 
3. An increasing scaling rate for decreasing rainfall accumulation periods has been observed 
for all the analyses using Exponential Regression (ER) including for each season. For 
instance, for the pooled gauges analysis, the percentage increments in the scaling rates from 
hourly to 10-min accumulation period were in the order of 20%, 22% and 9% for the Annual 
Period, the Wet Season and the Dry Season, respectively. 
4. The scaling rate during the Annual Period is generally significantly higher than for the 
Dry Season and lower than for the Wet Season. For the example considered in point 3 (i.e., 
ER pooled gauges analysis), the percentage increment in the scaling rates from the Annual 
Period to the Wet Season was in the order of 15% for all rainfall accumulation periods, while 
the percentage reduction from the Annual Period to the Dry Season was much larger (i.e., 
about 47% for 60- and 30- min accumulation periods and about 70% for the 10-min 
accumulation period). 
The simultaneous presence of different storm types (stratiform or convective) in the pool of 
analysed events, might affect scaling rate assessment, especially using a simple ER based 
approach, confirming some evidences from previous studies (e.g. Berg and Hearter, 2013). An 
analysis carried out on storm events rather than fixed interval data, as in Molnar et al. (2015) and 
Peleg et al. (2018), could contribute to overcoming this limitation and serve to better explain the 
spatial clustering of rates resulting from our analysis, though it is important to point out that 
distinguishing the two types of storm would require information and/or data (e.g. radar data, 
lightning accompanying rainfall events, etc.) often not available. Nevertheless, our analyses 
suggest that valid alternative approaches in areas characterized by interannual seasonality in 
rainfall (quantity and typology of events) and temperature, such as Sicily, could include those 
based on the Piecewise Regression and LOESS Regression at the seasonal scale. The adoption of 
such approaches has allowed a better characterization of the complex temperature dependence of 
extreme rainfall in Sicily, finding various scaling rates for different sub-domains of temperature, 
and identifying a peak-like behaviour, not detected by the simple application of ER. Another key 
aspect, only partially explored in this study and hitherto largely ignored in the existing literature, 
is the uncertainty in the estimation of the scaling rate. Here we focused only on the uncertainty 
associated with cases of the single gauge analysis with the ER, while a complete assessment of 
the uncertainty related to all the approaches that we tested would require an extensive analysis 
that goes beyond the scope of this paper.  Evaluating different possible sources of uncertainty 
(e.g. data sample and adopted methodology) at multiple resolutions and in different regions, is a 
very interesting direction for future work in the quantitative analysis of the extreme rainfall-
temperature scaling relationship. 
The knowledge acquired in this research contributes to the current global initiative to better 
understand sub-daily rainfall extremes.  The INTENSE (INTElligent use of climate models for 
adaptatioN to non-Stationary hydrological Extremes) project (Blenkinsop et al., 2018) is collating 
global observations of sub-daily rainfall to characterise observed changes, improve process 
understanding of intense rainfall and provide guidance on appropriate analytical methods.  In 
doing so, and by linking such analyses with climate modelling studies, improved guidance may be 
provided on potential regional changes in flash flooding and appropriate adaptation responses. 
 
Acknowledgements 
S Blenkinsop and HJ Fowler are funded by the European Research Council INTENSE project 
(ERC-2013-CoG-617329). HJ Fowler is also funded by the Wolfson Foundation and the Royal 
Society as a Royal Society Wolfson Research Merit Award (WM140025) holder.   
References 
Ali H, Mishra V. 2017. Contrasting response of rainfall extremes to increase in surface air and 
dewpoint temperatures at urban locations in India. Scientific Reports 7 (1): 1228 DOI: 
10.1038/s41598-017-01306-1 
Ali H, Fowler HJ, Mishra V. 2018. Global observational evidence of strong linkage between dew 
point temperature and precipitation extremes. Geophysical Research Letters 45(22): 
12,320-12,330 DOI: 10.1029/2018GL080557 
Allen, M.R. and Ingram, W.J., 2002.  Constraints on future changes in climate and the 
hydrologic cycle.  Nature, 419, 224-232. 
Allan, R.P., Soden, B.J., John, V.O., Ingram, W. and Good, P., 2010. Current changes in tropical 
precipitation.  Environmental Research Letters, 5, 025205. 
Arnone E., Pumo D., Viola F., Noto L.V., La Loggia G. Rainfall statistics changes in Sicily. 
Hydrology and Earth System Sciences, 2013, 17: 2449-2458; doi:10.5194/hess-17-2449-
2013 
Arnone, E., Pumo, D., Francipane, A., La Loggia, G., Noto, L.V. The role of urban growth, 
climate change and their interplay in altering runoff extremes. Hydrological Processes, 2018. 
https://doi.org/10.1002/hyp.13141 
Bao, J., Sherwood, S.C., Alexander, L.V., Evans, J.P. Comments on “temperature-extreme 
precipitation scaling: A two-way causality?”. Int  J  Climatol. 2018; 38: 4661–4663. 
https://doi.org/10.1002/joc.5665 
Ban N, Schmidli J, Schär C. 2014. Evaluation of the convection-resolving regional climate 
modeling approach in decade-long simulations. Journal of Geophysical Research: 
Atmospheres 119 (13): 7889–7907 
Barbero, R., Westra, S., Lenderink, G., Fowler, H. J.  Temperature-extreme precipitation 
scaling: a two-way causality? Int. J. Climatol. 2018. 38 e1274–9 
Ben Yahia, B., Gourevitch, B., Malphettes, L., & Heinzle, E., 2016. Segmented linear modeling 
of CHO fed-batch culture and its application to large scale production. Biotechnology and 
bioengineering, 114 (4), 785-797. 
Berg, P., Haerter, J.O., Thejll, P., Piani, C., Hagemann, S., Christensen, J.H. Seasonal 
characteristics of the relationship between daily precipitation intensity and surface 
temperature, J. Geophys. Res., 2009, 114, D18102. 
Berg P. and Haerter J.O. Unexpected increase in precipitation intensity with temperature - A 
result of mixing of precipitation types? Atmos. Res., 2013, 119, 56–61. 
Berg P., Moseley C. and Haerter J.O. Strong increase in convective precipitation in response to 
higher temperatures Nat. Geosci, 2013, 6, 181–5. 
Bisselink, B., Dolman, A.J. Precipitation Recycling: Moisture Sources over Europe using ERA-
40 Data. Journal of Hydrometeorology, 2008, 9 (5), p. 1073. doi:10.1175/2008JHM962.1. 
Blenkinsop S., Chan S.C., Kendon E. K., Roberts N.M. and Fowler H.J. Temperature influences 
on intense UK hourly precipitation and dependency on large-scale circulation. Environmental 
Research Letters, 2015, 10 (5). 
Blenkinsop S, Fowler HJ, Lewis E, Guerreiro S, Li X-F, Chan SC, Barbero R, Lenderink G, 
Westra S, Kendon E, Ekstrom M, Tye MR, et al., 2018. The INTENSE project: using 
observations and models to understand the past, present and future of sub-daily rainfall 
extremes.  Advances in Science and Research.  https://doi.org/10.5194/asr-15-117-2018. 
Blenkinsop S, Lewis E, Chan SC, Fowler HJ, 2017.  An hourly precipitation dataset and 
climatology of extremes for the UK. International Journal of Climatology, 37, 722–740. 
doi:10.1002/joc.4735. 
Boessenkool, B., G. Burger, and M. Heistermann, 2017. Effects of sample size on estimation of 
rainfall extremes at high temperatures. Nat. Hazards Earth Syst. Sci., 17, 1623–1629, 
https://doi.org/10.5194/nhess-17-1623-2017 
Cleveland, W.S., 1979. Robust locally weighted regression and smoothing scatterplots. J. Am. 
Stat. Assoc. 74 (368). 829-836 
CNR-IRPI (2018). Rapporto Periodico sul Rischio posto alla Popolazione italiana da Frane e 
Inondazioni. Anno 2018 (Year 2018). Consiglio Nazionale delle Ricerche – Istituto di 
Ricerca per la Protezione Idrogeologica. Available at http://polaris.irpi.cnr.it/wp-
content/uploads/Report_2018.pdf  (accessed: January 2019) 
Di Piazza, A., Lo Conti, F., Viola, F., Eccel, E. Noto, L.V. Comparative analysis of spatial 
interpolation methods in the Mediterranean area: Application to temperature in Sicily. Water, 
2015, 7(5): 1866-1888. doi:10.3390/w7051866 
Drobinski, P., Silva, N.D., Panthou, G., Bastin, S., Muller, C., Ahrens, B., Borga, M., Conte, D., 
Fosser, G., Giorgi, F., et al. 2018. Scaling precipitation extremes with temperature in the 
Mediterranean: past climate assessment and projection in anthropogenic scenarios. Climate 
Dynamics 51 (3): 1237–1257 DOI: 10.1007/s00382-016-3083-x 
Easterling, D.R., Meehl, G.A., Parmesan, C., Changnon, S.A., Karl, T.R., Mearns, L.O. Climate 
extremes: observations, modeling, and impacts. Science, 2000, 289 (5487), 2068-2074 
Efron, B., Tibshirani, R.J., 1993. An introduction to the bootstrap. Chapman and Hall, New 
York 
Forestieri, A., Arnone, E., Blenkinsop, S., Candela, A., Fowler, H.J., Noto, L.V. The impact of 
climate change on extreme precipitation in Sicily, Italy. Hydrological Processes, 2018a, 
doi.org/10.1002/hyp.11421 
Forestieri, A., Lo Conti, F., Blenkinsop, S., Cannarozzo, M., Fowler, H.J., Noto, L.V. Regional 
frequency analysis of extreme rainfall in Sicily (Italy). International Journal of Climatology, 
2018b,  38, pp. e698-e716. doi: 10.1002/joc.5400 
Gabriele, S., and Chiaravalloti, F. Using the Meteorological Information for the Regional 
Rainfall Frequency Analysis: An Application to Sicily. Water Resour Manage, 2013, 
27:1721–1735. DOI 10.1007/s11269-012-0235-6 
Guerreiro S.B., Fowler, H.J., Barbero, R., Westra, S., Lenderink, G., Blenkinsop, S., Lewis, E., 
Li, X.F. Detection of continental-scale intensification of hourly rainfall extremes. Nature 
Climate Change, 2018, 8: 803–807. DOI 10.1038/s41558-018-0245-3 
Hardwick Jones R., Westra S. and Sharma A. Observed relationships between extreme sub-daily 
precipitation, surface temperature, and relative humidity. Geophys. Res. Lett., 2010, 37 
L22805. 
Haerter J.O., Berg P. and Hagemann S. Heavy rain intensity distributions on varying time scales 
and at different temperatures J. Geophys. Res.:Atmos., 2010, 115D17102. 
Held, I. M., and Soden, B. J. Robust responses of the hydrological cycle to global warming. 
Journal of Climate, 2006, 19, 5686. 
Hountington, T.G., Evidence for intensification of the global water cycle: Review and synthesis. 
Journal of Hydrology, 2006, 319, 83-95. 
Lenderink G. and van Meijgaard E. Increase in hourly precipitation extremes beyond 
expectations from temperature changes Nat. Geosci, 2008, 1,  511–4.  
Lenderink G. and van Meijgaard E. Linking increases in hourly precipitation extremes to 
atmospheric temperature and moisture changes Environ. Res. Lett., 2010, 5, 025208. 
Lenderink G., Mok H. Y., Lee T. C. and van Oldenborgh G. J. Scaling and trends of hourly 
precipitation extremes in two different climate zones - Hong Kong and the Netherlands 
Hydrol. Earth Syst. Sci. 2011, 15 3033–41. 
Lenderink G, Barbero R, Loriaux JM, Fowler HJ. 2017. Super-Clausius–Clapeyron Scaling of 
Extreme Hourly Convective Precipitation and Its Relation to Large-Scale Atmospheric 
Conditions. Journal of Climate 30 (15): 6037–6052 DOI: 10.1175/JCLI-D-16-0808.1 
Lenderink, G., Barbero, R., Westra, S., Fowler, H.J. Reply to comments on “Temperature-
extreme precipitation scaling: a two-way causality?”, International Journal of Climatology, 
2018, 38 (12): 4664-4666. 
Lepore C, Veneziano D, Molini A. 2015. Temperature and CAPE dependence of rainfall 
extremes in the eastern United States. Geophysical Research Letters 42 (1): 74–83 DOI: 
10.1002/2014GL062247  
Loriaux J.M., Lenderink G., De Roode S.R. and Siebesma A.P. Understanding convective 
extreme precipitation scaling using observations and an entraining plume model J. Atmos. 
Sci., 2013, 70 3641–55.  
Miao C, Sun Q, Borthwick AGL, Duan Q. 2016. Linkage between hourly precipitation events 
and atmospheric temperature changes over China during the warm season. Scientific Reports 
6: 22543 DOI: 10.1038/srep22543  
Mishra V., Wallace J. M. and Lettenmaier D. P. Relationship between hourly extreme 
precipitation and local air temperature in the United States, Geophys. Res. Lett., 2012, 39, 
L16403. 
Molnar, P., Fatichi, S., Gaál, L., Szolgay, J., and Burlando, P., Storm type effects on super 
Clausius–Clapeyron scaling of intense rainstorm properties with air temperature, Hydrol. 
Earth Syst. Sci., 2015, 19, 1753-1766. 
Moran, P.A.P., Notes on Continuous Stochastic Phenomena. 1950. Biometrika, 37 (No ½) 17-
23. doi: 10.2307/2332142   
O'Gorman, P. A., and C. G. Muller (2010), How closely do changes in surface and column 
water vapour follow Clausius-Clapeyron scaling in climate change simulations?, Environ. 
Res. Lett., 5, 025,207. 
Pall, P., M. R. Allen, and D. A. Stone (2007), Testing the Clausius-Clapeyron constraint on 
changes in extreme precipitation under CO2 warming, Clim. Dyn., 28, 351–363. 
Panthou G., Mailhot A., Laurence E. and Talbot G. Relationship between surface temperature 
and extreme rainfalls: a multitime-scale and event-based analysis. J.Hydrometeorol, 2014, 15 
1999-2011. 
Peleg, N., Marra F., Fatichi S., Molnar P., Morin E., Sharma A., Burlando P. Intensification of 
convective rain cells at warmer temperatures observed from high-resolution weather radar 
data. J. Hydrometeor, 2018, 19, 715-726, doi:10.1175/JHM-D-17- 0158.1. 
Prein AF, Rasmussen RM, Ikeda K, Liu C, Clark MP, Holland GJ. 2017. The future 
intensification of hourly precipitation extremes. Nature Climate Change 7 (1): 48–52 DOI: 
10.1038/nclimate3168 
Pumo D., Caracciolo D., Viola F., Noto L.V. Climate change effects on the hydrological regime 
of small non-perennial river basins. Science of the Total Environment, 2016a, 542 (Part A): 
76-92, doi:10.1016/j.scitoten.2015.10.109 
Pumo D., Francipane A., Lo Conti F., Arnone E., Bitonto P., Viola F., La Loggia G., Noto L.V. 
The SESAMO early warning system for rainfall-triggered landslides. Journal of 
Hydroinformatics, 2016b, 18 (2): 256-276; doi: 10.2166/hydro.2015.060. 
Pumo D., Arnone E., Francipane A., Caracciolo D., Noto L.V. Potential implications of climate 
change and urbanization on watershed hydrology, Journal of Hydrology, 2017a, 554: 80-99, 
doi: http://dx.doi.org/10.1016/j.jhydrol.2017.09.002. 
Pumo D., Lo Conti, F., Viola F., Noto L.V. An automatic tool for reconstructing monthly time-
series of hydro-climatic variables at ungauged basins. Environmental Modelling & Software, 
2017b, 95: 381-400;  
Schroeer, K. & Kirchengast, G. Sensitivity of extreme precipitation to temperature: the 
variability of scaling factors from a regional to local perspective. Clim Dyn, 2018, 50: 3981. 
https://doi.org/10.1007/s00382-017-3857-9 
Shaw S.B.,  Royem A. and Riha S. J. The relationship between extreme hourly precipitation and 
surface temperatures in different hydroclimatic regions of the United States, J. 
Hydrometeorol., 2011, 12, 319–325. 
Soriano, L.R. and De Pablo, F. Analysis of convective precipitation in the western 
Mediterranean Sea through the use of cloud-to-ground lightning. Atmospheric Research 66 
(2003) 189–202. doi:10.1016/S0169-8095(02)00160-6 
Toms J.D., Lesperance M.L. 2003. Piecewise regression: A tool for identifying ecological 
thresholds. Ecology 84(8): 2034–2041.   
Trenberth, K.E., Dai, A., Rasmussen, R.M. and Parsons, D.B., 2003. The changing character of 
precipitation. Bull. Amer. Meteor. Soc., 84, 1205–1217. 
Utsumi N., Seto S., Kanae S., Maeda E. and Oki T. Does higher surface temperature intensify 
extreme precipitation. Geophys. Res. Lett., 2011, 38, L16708. 
Viola F., Francipane A.,  Caracciolo D., Pumo D.,  La Loggia G., Noto L.V. Co-evolution of 
hydrological components under climate change scenarios in Mediterranean area. Science of 
the Total Environment, 2016, 544: 515-524; doi:10.1016/j.scitoten.2015.12.004 
Wasko, C., and Sharma, A. 2014. Quantile regression for investigating scaling of extreme 
precipitation with temperature. Water Resour. Res., 50, 3608–3614, 
https://doi.org/10.1002/2013WR015194 
Wasko C, Sharma A. 2015. Steeper temporal distribution of rain intensity at higher temperatures 
within Australian storms. Nature Geoscience 8 (7): 527–529 DOI: 10.1038/ngeo2456 
Wasko C, Sharma A. 2017. Global assessment of flood and storm extremes with increased 
temperatures. Scientific Reports 7 (1): 7945 DOI: 10.1038/s41598-017-08481-1 
Wentz, F. J., L. Ricciardulli, K. Hilburn, and C. Mears (2007), How much more rain will global 
warming bring?, Science, 317, 233–235. 
Westra S., Fowler H. J., Evans J. P., Alexander L. V., Berg P., Johnson F., Kendon E.J.,  
Lenderink G. and Roberts N. M. Future changes to the intensity and frequency of short 
duration extreme rainfall, Rev. Geophys., 2014, 52 (3), 522–555, 
doi:10.1002/2014RG000464.  
Yu R. and Li J.  Hourly rainfall changes in response to surface air temperature over eastern 
contiguous China J. Clim., 2012, 25, 6851–61. 
Zhang, X., Zwiers, F.W., Li, G., Wan, H., Cannon, A.J. Complexity in estimating past and 


















 Table Captions 
Table 1. Summary of some relevant past works, with specification of the study site location, the 
most important details of the adopted approaches and the key results relevant for the 
present work (the current paper is added for completeness). 
Table 2. Statistics from the spatial autocorrelation analysis: Moran’s Index (I). Significance 
Level (p-value). Critical Values (z-score). Resulting spatial pattern. 
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